Pathogens deploy effector proteins that interact with host proteins to manipulate the host 21 physiology to the pathogen's own benefit. However, effectors can also be recognized by host 22 immune proteins leading to the activation of defense responses. Effectors are thus essential 23 components in determining the outcome of plant-pathogen interactions. Despite major efforts to 24 decipher effector functions, our current knowledge on effector biology is scattered and often 25 limited. In this study, we conducted two systematic large-scale yeast two-hybrid screenings to 26 detect interactions between Arabidopsis thaliana proteins and effectors from two vascular bacterial 27 pathogens: Ralstonia pseudosolanacearum and Xanthomonas campestris. We then constructed an 28 interactomic network focused on Arabidopsis and effector proteins from a wide variety of 29 bacterial, oomycete, fungal and animal pathogens. This network contains our experimental data 30 and protein-protein interactions from 2,035 peer-reviewed publications (48,200 Arabidopsis-31 Arabidopsis and 1,300 Arabidopsis-effector protein interactions). Our results show that effectors 32 from different species interact with both common and specific Arabidopsis targets suggesting dual 33 roles as modulators of generic and adaptive host processes. Network analyses revealed that effector 34 targets, particularly effector hubs and bacterial core effector targets, occupy important positions 35 for network organization as shown by their larger number of protein interactions and centrality. 36 These interactomic data were incorporated in EffectorK, a new graph-oriented knowledge database 37 that allows users to navigate the network, search for homology or find possible paths between host 38 and/or effector proteins. EffectorK is available at www.effectork.org and allows users to submit 39 their own interactomic data. 3 40 Author summary 41 Plant pests and diseases caused by bacteria, oomycetes, fungi or animals are threatening 42 food security worldwide. Understanding how these pathogens infect and manipulate the host is 43 key to develop sustainable crop resistance in the long term. Effector proteins are secreted by 44 pathogens to subvert the host immune responses. The roles of several effector proteins have been 45 described; however, it is yet poorly understood how effectors interact with host proteins at a global 46 level. To address this issue, we have generated EffectorK, an interactive database focused on the 47 model plant species Arabidopsis thaliana. This database contains manually curated Arabidopsis-48 effector protein interactions from the available literature on a wide variety of pathogens. It also 49 contains new experimental data on effectors from two vascular pathogens: Ralstonia 50 pseudosolanacearum and Xanthomonas campestris. This work integrates all the gathered 51 knowledge over the last decades and allows to identify general patterns of how effectors interact 52 with the host proteome. This knowledge is easily accessible and searchable at www.effectork.org. 53 54 Plants are continuously confronted with a wide variety of pathogens including bacteria, 55 oomycetes, fungi, nematodes and insects. To prevent their proliferation, plants have evolved a 56 complex multilayered immune system [1]. The first layer of defense corresponds to constitutive 57 physical and chemical barriers such as the cuticle, cell wall or secondary metabolites [2,3]. Plants 58 are also able to recognize highly conserved pathogen-associated molecular patterns (PAMPs) 59 through pattern-recognition receptors triggering induced defense responses collectively known as 4 60 'PAMP-triggered immunity' (PTI) [4]. These responses are usually enough to prevent most 61 potential invaders; however, some pathogens secrete effector proteins to subvert the defense 62 responses and alter diverse cellular processes to ease their proliferation [5]. Plants, on the other 63 hand, have evolved several intracellular nucleotide-binding site-leucine-rich repeat (NBS-LRR) 64 receptors recognizing these effectors and activating potent defense responses collectively known 65 as 'effector-triggered immunity' (ETI) [6]. 66 Although the targets and molecular functions of some effectors have been well 67 characterized [7-10], for most effectors they are still unknown. The main factors complicating the 68 large-scale identification and characterization of effector-host protein interactions are: the wide 69 diversity of pathosystems, the difficulty to identify bona fide effector genes, the collective 70 contribution of effector proteins, the complexity of the host responses and the lack of robust high 71 throughput techniques. For the model species Arabidopsis thaliana (Ath), to our knowledge, there 72 are only two studies in which systematic effector-host protein interactions at the effectome-scale 73 have been identified [11,12]. In these studies plant targets of effector proteins from Pseudomonas 74 syringae (Psy, bacterium), Hyaloperonospora arabidopsidis (Hpa, oomycete) and Glovinomyces 75 orontii (Gor, fungus) were identified by yeast two-hybrid (Y2H). They reported that the effectors 76 of these three species converged onto a limited set of Ath proteins. These studies also demonstrated 77 that many effector targets are important for plant immunity and showed that their importance 78 correlates with the level of effector convergence. 79 Bacterial wilt, caused by Ralstonia pseudosolanacearum (Ralstonia solanacearum 80 phylotype I, Rps), and black rot, caused by Xanthomonas campestris pathovar campestris (Xcc) 5 81 are listed among the top five plant bacterial diseases in the world [13]. Both Rps and Xcc are 82 xylem-colonizing pathogens and rely on their type III secretion systems for full virulence [14,15]. 83 This 'molecular syringe' allows the pathogen to deliver type III effector proteins (T3Es) directly 84 into the host cell in order to promote disease. The roles of several of their T3Es have been 85 characterized [16,17], but most knowledge on T3E functions comes from the study of Psy, which 86 resides on leaf surfaces and in the leaf apoplast [7,18]. Focusing mainly on a few species offers a 87 partial view of effector biology. It is therefore crucial to expand our studies to other species to 88 grasp most of the existing diversity of effector proteins and pathogen lifestyles. 89 To obtain a deeper understanding of the global Ath-effector protein interactome, we 90 conducted two systematic large-scale screenings with T3Es from Rps and Xcc, the first vascular 91 pathogens screened in this manner. Additionally, we conducted an extensive literature survey to 92 gather published Ath targets of effector proteins from pathogens from four different kingdoms of 93 life: Bacteria, Chromista, Fungi and Animalia. Combining all these data allowed us to identify 100 94 new 'effector hubs' (i.e., Ath proteins interacting with two or more effectors). Together with Ath-95 Ath protein interactions retrieved from public databases, we generated a comprehensive Ath-96 effector protein network that captures the wide diversity of Ath pathogens. This network allowed 97 us to detect general trends of effector interference with the host proteome. We have created a 98 publicly available interactive knowledge database called EffectorK (for Effector Knowledge) 99 which allows users to access and augment this network. 6 100 Results 101 Systematic identification of Arabidopsis targets of R. pseudosolanacearum and X. campestris 102 effectors.
These random rewiring simulations also allowed us to determine whether effectors from 140 different species interact randomly or convergently with Ath proteins. For this, the number of 141 common interactors of effectors from different species was compared with the experiment data 142 ( Fig 2B) . When comparing all three kingdoms, the number of common targets observed was 143 significantly higher than expected by random rewiring. We then analyzed all possible binary, 144 ternary, quaternary and quinary combinations of species and in all cases, the number of common 145 targets observed was higher than expected randomly ( Fig 2C) . These differences were all 146 statistically significant except for the common targets of effectors from Psy and Xcc (p-value = 147 0.0579) (S3 Fig) . This could indicate that these two species are the most different in terms of 148 effector targeting. However, considering that Psy and Xcc are precisely the two species with the 149 lowest number of effectors for which targets have been identified (Psy: 32 and Xcc: 18 effector 150 proteins), it is likely that the high p-value is caused by the limited sample size. This shows that 151 effectors from all these five species interact with a common subset of Ath proteins (i.e., 152 interspecific convergence). In order to gather more knowledge on Ath-effector protein interactions, we conducted an 160 extensive literature search compiling data from a wider spectrum of bacterial, fungal, oomycete 161 and animal effector proteins. We only considered published direct protein-protein interactions that 162 had been confirmed by classic techniques such as Y2H, co-immunoprecipitation, pull-down, 163 protein-fragment complementation, fluorescence resonance energy transfer or mass spectrometry. 164 We compiled 287 interactions found in 80 peer-reviewed publications involving 218 Ath proteins 165 and 72 effectors from 22 pathogen species (S2 Table) . Among these 22 pathogens, there were nine 166 bacterial species, mostly proteobacteria but also a phytoplasma species; eight animal species 186 what we defined as Ath proteins interacting with two or more effectors (Fig 4) . The definition of 187 hub has been debated and it has been traditionally associated with proteins that are highly 188 connected in interactomic networks [19] . Our definition of "effector hub" came from the need to 189 designate the Ath proteins that interact with several effectors and is based exclusively on the 190 number of interacting effector proteins. We identified 100 new effector hubs and increased the 191 degree of 42 previously described effector hubs (S3 Table) .
192
To evaluate the potential relevance of the newly identified effector hubs in plant immunity, 193 we conducted a second literature survey to check if the corresponding Ath genes had been 194 previously characterized to be involved in plant immunity or pathogen fitness in planta ( Myzus persicae feeding from seor2 mutant showed reduced progeny.
[26]
AT5G17490 RGA-like protein 3 (RGL3) 3 rgl3 mutant showed reduced P. syringae growth and increased SA content upon infection.
[27]
AT3G54230 Suppressor of abi3-5 (SUA) 3 sua mutant showed enhanced P. syringae growth and reduced chitin-induced ROS production.
[28]
AT3G11410 Protein phosphatase 2CA (PP2CA) 3 pp2ca mutant showed reduced P. syringae colonization and stomatal aperture. PP2CA
overexpressor showed enhanced stomatal aperture.
[29]
AT2G17290 Calcium-dependent protein kinase 6 (CPK6)
3 Double cpk5-cpk6 mutant showed enhanced P.
syringae growth and reduced flg22-induced ROS production.
[30]
Rice OsBIHD1 mutant and overexpressing plants showed increased and reduced Magnaporthe oryzae lesion area respectively.
[31]
AT4G26750 LYST-interacting protein 5 (LIP5) 2 lip5 mutant showed enhanced P. syringae growth and disease symptoms and reduced endosomal structure formation upon infection.
[32] 13 AT4G35090 Catalase-2 (CAT2) 2 cat2 mutant showed increased ROS accumulation upon infection with incompatible P. syringae strain.
[33]
AT3G02870 Inositol-phosphate phosphatase (VTC4) 2 vtc4 mutant showed reduced P. syringae growth. Phytoplasma SAP54 effector.
[36]
AT2G37630 Asymmetric leaves 1 (AS1) 2 as1 mutant showed reduced lesion size caused by B.
cinerea and Alternaria brassicicola and enhanced Pseudomonas fluorescens and P. syringae growth.
[37] 205 a Ranked in decreasing order. 
226
To further investigate the potential impact of effectors on the plant interactome, we 227 evaluated the importance of their targets for the organization of the network. We focused on two 228 main network topology parameters: degree and betweenness centrality (Fig 4) . The degree of a 15 229 protein represents the number of proteins that it interacts with. In this study we differentiated two 230 types of degrees depending on the nature of the interacting proteins: the Ath degree of a given 231 effector or Ath protein (i.e., number of interacting Ath proteins) and effector degree for a given Ath (Table 2) .
245 Effectively, the area under the curve value of effector targets was higher than the value of the rest 246 of Ath proteins. This indicates that effector targets present generally higher Ath degree than the 247 rest of Ath proteins. Similarly, we compared the betweenness centrality of these two groups of 248 proteins (Table 2 and Fig S5) . Effector targets also presented significantly higher betweenness 249 centrality values than the rest of Ath proteins. Altogether, these results indicate that effectors 16 250 preferentially interact with Ath proteins that are more connected to other Ath proteins and that 251 occupy more central positions in the interactomic network.
252 
261
We then wanted to test if the Ath degree and betweenness centrality values differed among 262 distinct types of effector targets (Table 2 and Fig S5) . First we compared multi-pathogen and 263 pathogen-specific targets as previously described (S2 Fig) . Multi-pathogen effector targets 264 presented significantly higher Ath degree and betweenness centrality compared to pathogen-265 specific effector targets. We also compared effector hubs with single effector targets. Similarly, 266 effector hubs also showed higher betweenness centrality and Ath degree than single effector 267 interactors. This last observation implies that an Ath protein that interacts with several effectors 268 tends to interact with more Ath proteins as well. To evaluate whether this is biologically relevant 269 or a bias of the 'stickiness' of a protein, we compared the Ath and effector degree values of all 270 targets. Our results showed that these two parameters are not correlated (Pearson correlation 271 coefficient = 0.3221) (S6 Fig) . This suggests that effector hubs interact with more Ath proteins 272 than single effector targets and not because they might be stickier. Fig S7) . Our data showed that core and variable T3Es from the three 288 species do not differ in Ath degree nor betweenness centrality. We then tested if there were any 289 differences between the network properties of the targets of core T3Es and the other bacterial T3E 290 targets. Core T3Es targets showed higher effector degree, Ath degree and betweenness centrality 291 than the rest of targets of bacterial T3Es. This suggests that, although core T3Es in general do not 292 have more targets than the rest of bacterial T3Es, they do interact with more highly connected and 327 previously described network principles were still supported on a wider scale. We showed that 328 there are no substantial differences in terms of connectivity among the effectomes of five different 329 pathogen species screened systematically (Fig 1) . We have reinforced previously described intra-330 and interspecific convergence of effector targeting with effectors from two new species [11, 12] , 331 and showed at the same time that most effector targets are pathogen specific (Fig 2 and S2 ). Our 332 analyses also supported the previously described tendency of effectors to interact with plant 333 proteins better connected and central in the network [43, 45] , and showed that this tendency is even 334 stronger among effector hubs, multi-pathogen targets and bacterial core T3E targets (Table 2 and 335 Fig S5) .
336
The balance between target specificity and convergence
337
Our data showed that most effector targets were pathogen-specific (S2 Fig) but at the same 338 time, effectors converge interspecifically onto a small subset of Ath proteins (Fig 2B-C) . These a 369 Extensive work will be required to characterize further effector-host protein interactions in other 370 pathosystems. As one of the simplest yet powerful high throughput techniques for protein-protein 371 interaction detection, our work, like others before, highlights the potential of such large-scale Y2H 372 screenings in the identification of novel effector targets in an easy, cheap and systematic manner.
373 EffectorK, an entry point to explore and make sense of plant-effector interactomics
374
To conclude, our work also provides valuable resources for the plant-pathogen interaction 375 community. We described 540 new Ath-Rps and Ath-Xcc effector protein interactions that allowed 376 us to identify 166 new effector targets (S1 Table) . We also manually curated several publications 377 to assemble a collection of 287 Ath-effector protein interactions from a wide variety of pathogens 23 378 (S2 Table) . All this, allowed us to identify 100 novel effector hubs (S3 Table) . The contribution to 379 plant immunity of these effector hubs has been described for 19 of them, but remains untested for 380 the majority (Table 1) [11, 12] . Briefly, for each effector of all compared pathogens we assigned the same 464 number of Ath targets as experimentally observed/published from the list of 8K proteins. The 465 distribution obtained from 10,000 simulations was plotted and compared to experimentally and 466 published data. The p-value of the experimental data was calculated as follows: number of 467 simulations where the number of common targets between species was higher or equal than the 468 experimentally observed is divided by the number of simulations. When the number of simulations 469 with more common targets than observed was zero, the p-value was set to < 0.001.
470
(2) -= ℎ ℎ ≥ 471 Overlap of effector targets. The overlaps of effector targets between the different kingdoms and 472 species were calculated taking into account the targets found in the different large-scale screening 473 and limiting to the 8K space. For representation of the data, Venn diagrams were generated using 474 the Venn Diagrams tool from VIB-UGent Center for Plant Systems Biology 475 (www.bioinformatics.psb.ugent.be/webtools/Venn/). The overlap of effector targets from the 476 different datasets was calculated not limiting to any limited space. For an area-proportional 477 representation of the data, a Venn diagram was generated using BioVenn [56].
28
478 Network topology analyses. The topology parameters of the Ath-effector interactomic network 479 were calculated on Cytoscape 3.7.2 [57]. Our analyses focused on two key node parameters: degree 480 and betweenness centrality. The degree of a protein is a measure of its connectivity and denotes 481 the number of proteins interacting with it. Throughout this work, we have differentiated two kinds 482 of degrees: 1) effector degree (i.e., number of interacting effector proteins) and 2) Ath degree (i.e., 483 number of interacting Ath proteins). The betweenness centrality measures the proportion of 484 shortest pathways between two proteins that passes through a given node. These parameters were 485 compared against different subset of data and statistical tests were performed in R language [58] .
486 The cumulative distribution of these parameters among different subset of data was plotted and 487 the area under the curve was estimated using Simpson's rule with the 'Bolstad2' package [59] . 
